Student learning objectives (SLOs) have become an increasingly popular tool for teacher evaluations as an alternative to Value-added Models (VAMs). However, the use of SLOs faces two major challenges. First, the target setting is mostly subjective and arbitrary. Second, there is little evidence on the reliability and validity of the tool. In this paper, we proposed three data-based SLO target-setting models: split, banded, and class-wide models. The data-based approach ensures that the targets set for students are challenging yet realistic and achievable. Using data of 176 pre-kindergarten teachers and two cohorts of students from a large school district in Texas, we investigated the reliability and predictive validity of teachers' SLO scores. Results indicated that teachers' SLO scores had moderate to high consistency across different subtests, and moderate stability over time. Teachers' SLO scores were also demonstrated to be useful in predicting future students' achievement, which supported the predictive validity of the tool.
PUBLIC INTEREST STATEMENT
Over the past decade, U.S. educational agencies have made great efforts to develop and implement rigorous, transparent, and equitable teacher evaluation systems. Recently, student learning objectives (SLOs), a tool for setting learning targets and guiding students' academic growth, have been used widely in the US for teacher evaluations. SLO is flexible, easy to implement, and useful for instructional planning. However, in order for SLO to be a valuable measure within teacher evaluation systems, there needs to be quality control as well as evidence on the validity and reliability of the tool. This study offers educators clear guidelines on how to set rigorous data-based targets. Data-based SLOs showed moderate levels of consistency across different subtests and stability over time. Teachers' SLO scores were also found to be useful in predicting future students' achievement. These findings supported the use of SLO as a medium-stakes teacher evaluation tool.
Introduction
Good teachers can positively affect not only students' academic learning but also students' future success (e.g., Makkonen, 2013; Rockoff, 2004) . Relatedly, over the past decade, the U.S. Department of Education and educational organizations have made great efforts to develop and implement rigorous, transparent, and equitable teacher evaluation systems. One such system that has attracted great attention is the use of a student growth-based measurement as a significant indicator of teacher performance (Marzano & Toth, 2013) . The quest of tools that can link teachers' performance to students' academic growth has long been pursued (e.g., Chetty, Friedman, & Rockoff, 2014; Darling-Hammond & Youngs, 2002; Kimball, White, Milanowski, & Borman, 2004; Sanders & Horn, 1994) . One tool that has been adopted by many educational agencies is the value-added models (VAMs). VAMs avoid subjective ratings (Murphy, 2012) and can isolate the effects of non-educational factors such as students' family background (McCaffrey, Lockwood, Koretz, & Hamilton, 2003; Raudenbush, 2004) . However, VAMs require using high-stakes standardized tests which exclude 70% of the teachers for subjects with no standardized measurement, such as art (Chapman, 2014; Gill, Bruch, & Booker, 2013) . VAMs are based on complicated statistical models that require strong model assumptions (McCaffrey et al., 2003; Reardon & Raudenbush, 2009 ) and are not easily understood by stakeholders such as teachers and administrators. Therefore, the use of VAMs as a highstakes teacher evaluation tool is highly controversial (e.g., Amrein-Beardsley & Holloway, 2019) .
Recently, an alternative tool, student learning objectives (SLOs), is continuously gaining popularity. SLOs measure students' academic gains and assess teacher performance based on the degree to which pre-set targets are attained (Community Training and Assistance Center, 2013;  Race to the Top Technical Assistance, 2010). Compared to VAMs, SLOs have several distinct advantages. First, SLOs can be applied to either formal test (e.g., high-stakes test) or informal assessments (e.g., locally developed tests or classroom assessments); second, SLO results can be easily explained to and understood by people with limited statistic background; third, SLOs can be used in tandem with instructional planning by allowing teachers to set up the goal and implement towards the goal. However, in order for SLOs to be a valuable measure within teacher evaluation systems, there needs to be evidence regarding the validity and reliability of the tool. So far, little research has examined the reliability and validity of using SLO scores for teacher evaluations. In addition, there are concerns regarding the target-settings in SLOs because they are mostly subjective and lack of scientific references (Marion, DePascale, Domaleski, Gong, & Diaz-Biello, 2012) .
To address these issues, we had two specific purposes for our research. First, we proposed databased target-setting guidelines (i.e., data-based SLOs) that use existing student data to inform the target-setting process. Second, we provided statistical evidence about the reliability and validity of the data-based SLOs. In the following sections, we first introduced the background of SLOs for teacher evaluation. Then, we described the proposed data-based target-setting guidelines and illustrate the application of the guidelines with a group of pre-kindergarten teachers in a large school district in Texas. With the data from the same school district, we tested two types of reliabilities: (a) the consistency of teachers' data-based SLO scores across different subtests and (b) the year-to-year stability of teachers' data-based SLO scores. Finally, we examined the predictive validity of teachers' data-based SLO scores in predicting future students' achievement.
Literature review
SLOs were initially used in K-12 in Denver, Colorado, as a new type of teacher evaluation measure to determine pay-for-performance (Joyce, Harrison, & Murphy, 2016) . In a recent review, Lacireno-Paquet, Morgan, and Mello (2014) summarized that more than 30 states have included or have at least piloted SLOs in their teacher evaluation systems. Maryland, Michigan and Arizona required SLOs to be used for all teachers, and a few other states applied SLOs for specific subgroups, such as teachers in non-tested subjects (e.g., Mississippi and Georgia states). In a more recent review of teacher evaluation tools, Gagnon, Hall, and Marion (2017) indicated that some type of SLO usage is in place in approximately 66% of the states. They also indicated that some state-level education agencies have oversight of the SLO procedures, while others leave it to the local school districts to monitor.
Procedure of SLOs
Generally, applying SLOs for teacher evaluation involves three steps: (a) setting targets, (b) assessing student growth, and (c) evaluating teachers based on students' target-reaching condition. In the target-setting stage, teachers or project leaders set measurable and reasonable post-test (i.e., end-of -course test) target scores for students at the beginning of the course based on students' pre-test (i.e., beginning-of-course test) performance or/and any available trend data. During the instructional period, teachers reflect on students' academic progress and classroom practice and strive to help students to achieve the target scores. At the end of the course, students whose post-test scores are equal to or higher than their target scores are counted as reaching targets. Students whose post-test scores are lower than their target scores are counted as failing to reach targets. Finally, a teacher's SLO score is calculated as the proportion of his/her students who are defined as reaching targets over all students she/he teaches. These teachers' SLO scores are collected and typically used for teacher categorization (Austin Independent School District, 2014; Barge, 2013) .
Currently, there are three commonly used target-setting models when applying SLOs: split, banded, and class-wide models (Center for Assessment, 2014; EngageNY, 2013) . Some states, such as New York, Georgia and Missouri, allow school districts to choose their own target-setting models among those three (Georgia Department of Education, 2013; Missouri Department of Elementary and Secondary Education, 2014; New York State Education Department, 2013) . Other states apply one or two specific models from those three. For example, in Ohio State, teachers are asked to use class-wide target-setting models. If students show a wide range of skills and ability, banded target-setting models are used to replace class-wide target-setting models (Ohio Department of Education, 2013) . Teachers at Utah are guided to apply split target-setting models (Utah State Office of Education, 2014) . Under the split model, a unique target is set for each student based on his/her pre-test score. Specifically, the target post-test score (T split ) is calculated using Equation (1) as follows:
where X is the pre-test score, ψ is the maximum points of a test, and φ is the split parameter, representing the proportion of the target gain score out of the maximum possible gain score. A commonly used but arbitrarily chosen value for φ is 0.5 (also called half-the-distance growth targets). This means the target gain score for a student is half of the maximum possible gain score for the student.
The banded model is used when there are tiered levels of expectations for students. Specifically, students are grouped into different bands according to their pre-test scores, and within each band a common target is set. For example, students who have pre-test scores lower than 50 are required to reach 60 in their post-test; students who have pre-test ranging from 51 to 70 are required to reach 80, and so on. The banded model generally uses an arbitrarily determined target for each band.
The class-wide model sets the same target for all students; therefore, it is not individual specific and does not require information about student pre-test scores. The shared target can be set according to the need of a course. For instance, the target can be either high to represent the mastery level of achievement or low to represent the passing level of achievement (New York State Education Department, 2013).
Advantages of SLOs
SLOs have several advantages. First, SLOs can be applied to both tested and non-tested subjects using either formal (nationwide or state-based test) or informal (locally developed tests or classroom assessments) academic performance scores (Bergin, 2015) ; thus, allowing the SLO tool to be used in any grade and any subject. Second, SLOs allow various target-setting methods to accommodate the diverse situations and teachers' needs across subjects and grades. Third, SLOs are implemented directly by teachers and campus principals who can be actively involved in setting learning targets and evaluating learning growth based on simple rubrics. Thus, SLOs are easier to understand for people with limited statistic background than other teacher evaluation tools which often require complicated statistic modeling (Bergin, 2015) . Fourth, SLOs can be used in tandem with instructional planning and improvement (Gill et al., 2013) . It has been demonstrated that SLOs can positively affect students' achievement by providing their teachers with clear structures of what knowledge and skills the students need to gain in courses (Aziz, Yusof, & Yatim, 2012) . The use of SLOs may also increase students' effort and self-motivated participation (Paolini, 2015) and has been shown to improve their learning outcomes in math, reading, and writing (Briggs, Diaz-Bilello, Maul, Turner, & Bibilos, 2014) . Due to these advantages, teachers, especially new teachers, have claimed that using SLOs based teacher evaluation encourages them to analyze student growth data and therefore improve their teaching (Lamb, Schmitt, Gross, & Cornetto, 2013; Schmitt, 2014 ).
Critiques of SLOs
Despite these merits, the wide use of SLOs in teacher evaluation systems has been limited for two main reasons. First, little is known about the reliability and validity of using SLO scores for teacher evaluation (Bergin, 2015; Gill et al., 2013) . Given the fact that SLOs have been widely applied, it is necessary and pressing to shift from claims-based studies to validation-based studies in which researchers provide scientific evidence about how reliable and valid teachers' SLO scores are. Crouse, Gitomer, and Joyce (2016) claimed that there are strong concerns about the validity, reliability, and accuracy of SLO scores, especially given variability in current levels of score calibration, assessment design, and quality controls. However, they noted that SLOs can be a valuable measure within teacher evaluation systems if quality controls are in place.
According to our review, to date, no researchers have investigated the reliability of SLOs for teacher evaluation, and only limited reported studies have included validation-based explorations for SLOs. For example, researchers in the Community Training and Assistance Center (2004, 2013) found that teachers' SLOs ratings were positively associated with individual students' academic achievement in elementary and middle school. In a series of studies, Schmitt (2011 Schmitt ( , 2014 , Schmitt, Cornetto, Lamb, and Imes (2009) , and Schmitt and Ibanez (2011) as well as Proctor, Walters, Reichardt, Goldhaber, and Walch (2011) reported similar results but at the aggregated school level as opposed to the individual student level. Only a few researchers (e.g., Balch & Springer, 2015; Community Training and Assistance Center, 2013; Goldhaber & Walch, 2011) have provided direct evidence about the convergent validity of SLOs and found significant positive associations between SLOs and other teacher evaluation tools. With such limited examinations of reliability and validity of SLOs, precision, fairness, and stability of the estimated teaching effectiveness based on SLOs are questionable.
Second, since target-settings in SLOs are subjective, teachers are lack of scientific references for setting appropriate target scores for students (Marion et al., 2012) . SLO target scores are driven by the needs of the students assigned to teachers; thus, it is reasonable to ask teachers who interact with students directly to set goals. Among the 24 states that have adopted the target-setting models described above, 18 states involve teachers in setting their own SLOs (Lacireno-Paquet et al., 2014) . Some teachers have complained about others gaming the system by setting low targets to get better evaluation scores (Bergin, 2015; Gill et al., 2013) . This gaming issue is noted by some researchers (e.g., Balch & Springer, 2015) for explaining the low validity of using SLOs found in their studies. To address this problem, many districts have required targets to be approved by other teachers, who teach the same subjects, principals, or district-level experts (Gill, English, Furgeson, & McCullough, 2014) . However, completely relying on the subjective judgments of teachers and principals still might lead to biased target-settings and undermine the fairness of teacher evaluation. Therefore, clear guidelines for setting achievable and reasonable target scores are needed when using SLOs in the assessment of teacher performance.
In summary, SLOs have several distinct advantages: flexible, straightforward to implement, easy to understand, and useful for instructional planning. However, the subjective and arbitrary way of target-setting in practice and the limited evidence for reliability and validity may cause potential risks and limit the wider usage of SLOs for teacher evaluations. Thus, in this study, we proposed data-based target-setting guidelines (i.e., data-based SLOs) that provide scientific reference for setting appropriate target scores and examined the reliability and validity of the proposed databased SLOs.
Method

Participants
Ethical approval for this study was obtained from the participating university and schools. A total of 176 pre-kindergarten (pre-K) teachers from eight pre-K schools in a large urban school district located in Texas participated in the study. The teachers taught bilingual education, English as a second language (ESL), or regular education programs. During the 2-year study period, the teachers taught two cohorts of students. The first cohort (i.e., 2014-2015 academic year) consisted of 3,311 pre-K students who completed tests. The average age of the students was 57.75 months (SD = 3.58). Among these students, 46.64% enrolled in bilingual programs, 7.94% in ESL programs, and 45.21% in regular education programs. The majority of the students were Hispanic (72.18%), followed by African Americans (24.58%). Female students represented 51.56% of this sample as noted in Table 1 .
Among those 176 teachers who taught the cohort-1 students, 164 of them participated in the study the following year (i.e., 2015-2016 academic year). The demographics of the second cohort of students (N = 3,213) closely approximated those of the first cohort of students as noted in Table 2 .
Measures
Data-based SLOs can be applied using either formal (i.e., nationwide or state-wide test) or informal (i.e., locally developed tests) academic performance test scores. In this study, we used the Bracken Basic Concept Scale: Expressive (BBCS:E; Bracken, 2006) , which is a norm-referenced standardized assessment used to evaluate the acquisition of basic concepts nonverbally for 3-to 6-year-old students. These basic concepts are categorized and measured by six subtests: School Readiness Composite (SRC), Direction/Position, Self-/Social Awareness, Texture/Material, Quantity, and Time/ Sequence. SRC subtest measures a child's overall knowledge of colors, letters, numbers/counting, sizes/comparisons, and shapes. Direction/Position measures a child's acquisition of order and position of objects. Self-/Social Awareness defines a child's ability of understanding relationships and roles and taking the perspectives of others and applying it to the interactions with other people. Texture/Material measures a child's ability of recognizing the physical characteristics of objects. Quantity measures a child's ability of measuring object by height, weight, and length. Time/Sequence tests a child's ability of understanding the order and sequence of objects. These subtest areas are strongly related to the cognitive and language development for early school achievement. Following the manual, we converted raw scores of each subtest into scaled scores, which were summed as scaled composite scores ranging from 6 to 114. Based on the scaled scores, the BBCS:E provides four classifications (i.e., very delayed, delayed, average, advanced). Good test-retest reliabilities (0.80 < r < 0.95) and high inter-rater agreement (0.96 < ρ < 0.99) were reported for the BBSC:E subtests (Bracken, 2006) .
In our study, the BBCS:E was administrated across the two cohorts. For the first cohort, BBCS:E was tested in September 2014 as pre-test and May 2015 as post-test. For both pre-and post-test, every student has six scaled subtest scores, one scaled composite score, and corresponding classifications. These scaled scores and classifications were utilized for all further analyses. Table 1 lists students' means (M) and standard deviations (SD) of pre and post scaled composite scores. At the beginning of that academic year, students' mean test scores equaled 39.00 (SD = 11.68) with the corresponding descriptive classification as Delayed. The mean post-test scores equaled to 51.58 (SD = 13.50) with the classification as Average. For the second cohort, the same BBCS:E was administered in September 2015 as pre-test and May 2016 as post-test. Students' mean pre-and post-test BBCS:E scaled composite scores are shown in Table 2 , which are similar to those students in cohort-1. 
Data-based target-setting guidelines
In this section, we utilize cohort-1 students' scaled composite scores from BBCS:E to illustrate the data-based target-setting guidelines. Given the nature of the different programs, i.e., bilingual education (in which native Spanish-speaking students were taught in both Spanish and English), ESL education (in which native Spanish-speaking students were provided structured support in developing English proficiency), and regular education, we apply the data-based SLOs for each program separately.
The split model
When applying the general split models, T split ¼ X þ ψ À X ð ÞÃφ, a commonly used but arbitrarily chosen value for φ is 0.5. For instance, if a bilingual student's pre-test score was 45 and the maximum point of the test was 114; then, his/her target score was set to be 79.50 [i.e., 45 +(114-45)*.50 = 79.50]. With such arbitrarily chosen proportions, the target gains could be set too high or too low, causing teachers' SLO scores to be highly skewed and less discriminating between effective and ineffective teachers. To avoid such an issue, we propose the data-based target-setting guideline that sets the value of φ based on past student data. To compute the split parameter, we first obtained the mean pre-test (μ X ) and the mean post-test scores (μ Y ) based on all previous students who were in the same school district and took the same test. Then, φ is computed as the ratio of the actual mean growth over the maximum possible mean growth in Equation (2):
Ideally, μ X and μ Y are obtained based on students from previous cohorts. However, if such previous test scores are not available, the current cohort of students' pre-and post-test scores can be used instead.
The advantage of using this data-based split model is that the target is individual specific. Individual students' prior achievement is taken into consideration when setting the goals and different individuals have different target scores. However, it requires that both the pre-test (i.e., beginning-of-course test) and post-test (i.e., end-of-course test) achievements are available and should be measured on the same scale. When only the current student data are available, the drawback of using current students' data is that the target scores can only be set and known at the end of courses when post-test scores are available, which means teachers can still be evaluated, but SLOs would not be able to be used for instructional planning.
In this study, because previous data were not available for target setting for cohort-1 students, we used their own pre-and post-test scores for target setting. According to the pre-and post-test means for each of the three education programs and the maximum scaled composite score (i.e., 114), we computed the split parameter as φ = .20 for bilingual program, φ = .15 for ESL program, and φ = .13 for regular program based on Equation (2). Then, each student's target score is set using Equation (1). For example, if a bilingual student's pre-test score was 45, then his/her target score was set to be 58.80 [i.e., 45+(114-45)*.20 = 58.80].
The banded model
When applying the banded model, students are first grouped into different bands according to their pretest scores, and within each band a common target is set. In the data-based target-setting approach, we proposed to use the mean post-test score μ Y from previous students in each band as the target. If no previous data are available, the mean of post-test scores based on current students can be used, which has the same drawback as previously mentioned. Like the split model, banded models require information of student pre-test scores. However, it does not require the pre-and post-test scores to be on the same scale, which makes it more flexible than the split model. The banded model can be easily applied to any tests that classify and report students' knowledge on an ordinal scale. In addition, the banded model is more suitable for teachers whose students show a wide range of skills and abilities in the target subject.
As an illustration, we used the normed classifications provided by the BBCS:E test to group students into four bands: Very Delayed (pre-test scores <32), Delayed (pre-test scores between 32 and 46), Average (pre-test scores between 47 and 73), and Advanced (pre-test scores >74). Since no previous data existed, we computed the mean post-test scores within each band for the same cohort of students, which were used as the target scores. We applied this target-setting within each education program. For the bilingual education program, we used the following targets: 
The class-wide model
The class-wide model sets the same target for all students. Generally, the target scores are set to represent the mastery or passing level of achievement. However, sometimes it is hard to clearly define the mastery or passing level of achievement and choose an appropriate score to represent the corresponding level. In this case, we propose the data-based target-setting guideline which uses the mean of post-test scores from previous students as the common target. In this study, the class-wide target was set as 52.70, 44.12, and 51.72 for bilingual, ESL and regular program students, respectively.
It should be noted that, for the banded and class-wide models, there exist cases in which students' pre-test scores already exceed their target scores. For those students, as long as they can maintain their achievement and have post-test scores higher than their corresponding target scores, they are still qualified as target-reaching students.
Application of the data-based target-setting guidelines
The data-based target-setting guidelines provide teachers and principals with a useful reference because targets that are set following the data-based guidelines are achievable and reasonable in general. For the majority of students, these targets are appropriate. However, there may be situations in which the data-based targets cannot be used directly, such as exceptions for student absenteeism, or student mobility. In these cases, teachers have the flexibility to modify the SLO targets. States and districts have crafted business rules to guide the process of target modification in case of student absenteeism, mobility, extended leave of teachers, assignment change, and students with disabilities (Potemski, 2013) . However, the implementation of these rules for target modifications is out of the scope of this study.
In this study, to control for the influence of target modifications, the data-based targets were used directly without modifications. Students' post-test scores were compared with their data-based target scores and students were labeled as either target-reaching or non-target-reaching. Teachers' SLO scores were computed as the proportion of target-reaching students. Three sets of teachers' SLO scores were estimated according to the three different data-based target-setting models. Results showed that teachers' data-based SLO scores had similar means and standard deviations across the three databased target-setting models, i.e., M = 0.47, SD = 0.28 for split, M = 0.48, SD = 0.26 for banded, and M = 0.47, SD = 0.26 for class-wide (see Figure 1 for the distributions of teachers' SLO scores). 
Reliability of data-based SLOs for teacher evaluation
We examined the reliability of teachers' SLO scores from two aspects: consistency across different subtests and stability over the years.
Consistency across different subtests
As mentioned before, the BBCS:E test consists of six subtests assessing students' achievement in six areas. Because teachers' instruction affects all six areas, it is hypothesized that teachers' SLO scores estimated based on the six subtests should be moderately correlated. This is analogous to internal consistency reliability that shows consistency of results between different items or subtests within a particular test (Trochim & Donnelly, 2001 ).
Participants and measures
We used the six BBCS:E subtest scaled scores of cohort-1 for this analysis. Table 3 lists the pre-and post-test mean scaled scores of each subtest by education program type. The overall mean is the mean scaled scores of all students in each program, while the banded mean is the mean scores of students within each normed band.
Analysis
Using the data-based target-setting models, we set targets for each subtest. Table 4 shows the data-based split parameters and target scores for each subtest by programs. Teachers' SLO scores were then computed for each subtest separately and the Pearson r correlations were computed among the six sets of teachers' SLO scores. Table 5 lists the means of teachers' SLO scores across the six subtests by data-based target-setting models. Table 6 contains all the correlations among subtests under each data-based target-setting model. As shown in Table 6 , in general, there are moderate to high correlations among teachers' SLO scores among different subtests (ranging between .41 and .74), regardless of target-setting models.
Result
Stability across years
Because teachers' effects are unlikely to change dramatically from year to year, we hypothesize that teachers' SLO scores will be moderately correlated between cohort-1 and cohort-2, which will provide evidence to the test-retest reliability of teachers' SLO scores.
Participants and measures
The 164 pre-K teachers who were evaluated in both academic years and the two cohorts of students were included. The students' scaled composite scores from BBCE:E were utilized for this analysis.
Analysis
The data-based split parameter, banded target scores and class-wide target scores derived from the cohort-1 data were used as targets for computing teachers' SLO scores in both cohort-1 and cohort-2. Pearson r correlations of teachers' SLO scores between cohort-1 and cohort-2 were computed. Table 7 includes the mean SLO scores for teachers which increased slightly in cohort-2 (Mean = .53) compared to cohort-1 (Mean = .47). The correlations of teachers' SLO scores between the 2 years were r split = .48, r banded = .44 and r classÀwide = .40, indicating moderate stability over time.
Results
The predictive validity of SLOs
Increasing student academic achievement is the primary goal of schooling and one of the most important criteria for judging teachers' effectiveness. Researchers, therefore, have examined the correlation between teachers' evaluation scores and students' achievement scores for validating teacher evaluation results (e.g., Hill, Kapitula, & Umland, 2011; Schmitt & Lamb, 2014) . If teachers' SLO scores are valid measures of teachers' true effectiveness, we would expect that higher SLO scores are indicative of more effective teaching and that teachers with higher SLOs make more contributions to their students' learning, thus producing larger learning growth for future students. Accordingly, we hypothesize that using teachers' SLO scores based on cohort-1 can significantly predict cohort-2 students' learning growth. 
Analysis and results
Due to the multilevel data structure (i.e., students nested within teachers), we used the following two-level hierarchical linear model in Equation (3) as follows:
where Y ij represents cohort-2 students' end-of-year BBCS:E scores, X ij represents cohort-2 students' BBCS:E scores at the beginning of the year, and SLO j represents teachers' SLO scores obtained based on cohort-1 students' data. We fit one model for each type of SLO target-setting method.
Because the scales of BBCS:E scores and teachers' SLO scores were largely different from each other, Y ij , X ij and SLO j variables were all standardized before fitting this model.
The results in Table 8 show that all the γ 01 values (i.e., 0.24, 0.24, and 0.22), which indicate the effect of teachers' SLO scores on future students' achievement, were significant (p's < .0001). The proportional reduction in prediction error (Snijders & Bosker, 1994) when using teachers' SLO scores to predict student achievement was .25 for the data-based split model, .24 for the databased banded model, and .20 for the data-based class-wide model.
Discussion
A good teacher evaluation tool serves two main purposes: one is to help in improving teaching and the other is to assist in decision-making, including hiring, retention, and promotion. Both purposes are built on a fundamental requirement that teacher evaluation should be fairly applied to all teachers in a reliable and valid way. Growth-based teacher evaluation tools, such as value-added models, measure the impact that schools and teachers have on students' academic progress from year to year across subjects. The measures often require complicated statistical models and only can be used with high-stakes tests; therefore, they are limited to a few subjects and teachers. As an alternative, the SLO is a simple, understandable, and user-friendly tool that involves teachers in the evaluation process and supports teachers' work of improving student learning. Our study improves the current SLO target-setting practices by providing a set of data-based target-setting guidelines and presents reliability and validity evidence for using data-based SLOs in teacher evaluation.
Data-based vs. arbitrary target-setting approaches
The data-driven target-setting guidelines utilize past students' test performance information to set learning objectives. Compared to arbitrarily chosen targets, data-based targets have a distinct advantage. When targets are chosen arbitrarily, they may be too easy or too hard to reach, which may result in the failure to differentiate teachers' performance. However, when using the databased target scores as the target-setting reference, targets are anchored at the mean achievement of the population, which ensures that the targets are achievable and realistic for the majority of students. Setting challenging yet achievable targets is also essential to keep teachers motivated, which is important for teachers' job satisfaction and sense of fulfillment (e.g., Neves de Jesus & Lens, 2005). 
Year-to-year stability
We demonstrated moderate-sized correlations between teachers' SLO scores in Year 1 and Year 2, meaning that the same teachers' SLO score could change year by year depending on the classes they taught and their accumulated teaching experience. Specifically, the data-based split model reported the highest stability with the correlation of .48, followed by the data-based banded model with a correlation of .44. The data-based class-wide model had the lowest stability with the correlation of .40. These findings are consistent with Gagnon et al. (2017) who have claimed that the SLOs based teacher evaluation differs in terms of (a) assessments selected to measure students' growth, (b) the proportion of SLOs in teacher evaluation, and (c) the amount of guidance on the implementation of SLOs in teaching and evaluating. Moderate reliability is not only an issue for SLOs but also a general issue for other student growth-based teacher evaluation tools (e.g., Lockwood et al., 2007; Papay, 2011) . The general lack of stability might be due to the fact that all of these evaluation tools are based on test scores that cannot capture all the aspects of educational outcomes. Even if increasing students' academic performance is the most important goal for teaching, SLOs, measures based on students' academic growth, might oversimplify the complex nature of teaching (Cantrell & Kane, 2013; Goldhaber, Goldschmidt, & Tseng, 2013; Schmidt & Kaplan, 1971 ).
Predictive validity of teachers' SLO scores
Teachers' SLO scores demonstrated promising predictive validity in terms of predicting future students' academic achievement. About 20-25% of the variance in cohort-2 students' achievement was uniquely accounted for by teachers' SLO scores estimated in cohort-1. These moderate contributions of teachers' SLO scores in predicting future students' achievement were reasonable given the many other factors that are related to students' achievement but are not captured by teachers' SLO scores.
Recommendations when applying data-based SLOs
For school districts that are currently using or plan to use SLOs in their teacher evaluation systems, the data-based target-setting guidelines can be easily adopted for tested subjects. For non-tested subjects, such as music and arts, districts need to first develop common performance-based assessments. When utilizing the data-based target-setting guidelines, teachers and principals should be aware that these data-based targets are appropriate for the majority of students, but there may be exceptions that warrant additional considerations, such as student absenteeism or mobility. In those cases, teachers and principals can use the data-based targets as a reference and make suitable modifications.
No one target-setting model outperforms other models across all situations. Each target-setting model has its own merits and is suitable for different assessments and needs of courses. In terms of reliability, the three target-setting models had similar consistency across different subtests. However, the data-based split model is recommended when evaluating teachers using the same test across multiple cohorts, since the data-based split model is found to have the highest stability across years in our study. Furthermore, the data-based split model and the data-based banded model are more useful for predicting students' learning growth in the future.
Based on the evidence for reliability and predictive validity, we believe that teachers' SLO scores do reflect their performance to some extent and could provide useful information for personnel decisions. However, school leaders should be aware that teachers' SLO scores could be affected by tests and vary from year to year with moderate evaluation consistency and stability found in this study. Therefore, when applying SLOs for teacher evolution, first, we should caution against making high-stakes personnel decisions solely based on teachers' single-year SLO scores on a single test. Researchers claimed that the higher the stakes attached to the SLOs, the more stressful SLOs were for the teachers (Longchamp, 2017) . Instead, low-or medium-stakes use of SLOs might be a better option. For example, leaders can gather information from multiple sources including classroom observations and student/parent ratings of teachers across multiple years and combine this information with SLO results to gain a more comprehensive and accurate evaluation of teaching effectiveness. Second, we should create and improve the SLO training for leaders and teachers. When participants received little training, they had relatively low engagement (Longchamp, 2017) and tended to produce poor-quality SLOs and implemented SLOs carelessly , which may decrease the reliability of validity of using SLOs for teacher evaluation. Therefore, extensive training including SLOs-related theories, SLO procedures (e.g., scientific target settings), and effective teaching strategies based on the feedback obtained from applying SLOs is highly recommended.
Limitations and future study
The findings should be interpreted in light of the limitations of the study. First, we focused our study on pre-K teachers. It is not clear whether the results are generalizable to teachers of other grades. Second, we only had 2 years of data; therefore, we are not able to assess the long-term stability of data-based SLOs beyond the 2 years. Third, we did not examine other types of validity, such as convergent and divergent validity. More empirical research is needed in this area to better inform the use of data-based SLOs as tools for teacher evaluation.
